"Unmanned aerial vehicle-based structure from motion biomass inventory estimates," J. Appl. Remote Sens. 11(2), 026026 (2017), doi: 10.1117/1.JRS.11.026026. Abstract. Riparian vegetation restoration efforts require cost-effective, accurate, and replicable impact assessments. We present a method to use an unmanned aerial vehicle (UAV) equipped with a GoPro digital camera to collect photogrammetric data of a 0.8-ha riparian restoration. A three-dimensional point cloud was created from the photos using "structure from motion" techniques. The point cloud was analyzed and compared to traditional, ground-based monitoring techniques. Ground-truth data were collected on 6.3% of the study site and averaged across the entire site to report stem heights in stems/ha in three height classes. The project site was divided into four analysis sections, one for derivation of parameters used in the UAV data analysis and the remaining three sections reserved for method validation. Comparing the ground-truth data to the UAV generated data produced an overall error of 21.6% and indicated an R 2 value of 0.98. A Bland-Altman analysis indicated a 95% probability that the UAV stems/section result will be within 61 stems∕section of the ground-truth data. The ground-truth data are reported with an 80% confidence interval of AE1032 stems∕ha; thus, the UAV was able to estimate stems well within this confidence interval.
Introduction
Riparian zone vegetation plays an important role in regulating water temperature. Some watershed restoration efforts aim to protect, maintain, and restore fish and wildlife habitats along with improving water quality and quantity. An important challenge facing these efforts is the collection of timely, accurate, and cost-effective impact assessment data. Typically, enumerator-based assessments require significant resources, including funding, personnel, and time, and have methodological limitations. These include enumerator consistency and bias, geographical coverage, and significant lag in data analysis compared to program implementation. 1 Recent research pertaining to riparian zone restoration has found that the monitoring process needs to be improved to provide better quantitative evaluation of funded action efficiencies along with a detailed understanding of vegetation patterns. 2 These limitations inspired our effort to monitor riparian restoration projects using a commercially available unmanned aerial vehicle (UAV) equipped with a GoPro camera.
Structure from motion (SfM) three-dimensional point clouds can be derived from digital images collected onboard UAVs, similar to the type of data produced by light detection and ranging (LiDAR) technology. 3 LiDAR is an active remote sensing technology that calculates the distance to an object by taking the speed of light multiplied by the time it takes for an emitted laser to travel to an object. 4 LiDAR has been widely used for biomass inventory and estimation. [5] [6] [7] In 2011, Edson and Wing analyzed the ability of LiDAR to accurately measure and locate tree stems using FUSION software. 8 The LiDAR data were compared to field measurements collected from 11 plots in the Oregon State University McDonald-Dunn research forest. Data were collected for species, height, crown width, diameter at breast height for stems with diameters greater than 13 cm, and diameter at ground level for stems with diameters less than 13 cm that are taller than 1 m. 7 The study showed that LiDAR estimations using FUSION to analyze above-ground biomass (AGB) led to an underestimation of 25%. Since LiDAR point clouds have been proven to accurately estimate height, canopy cover, and locations of AGB, this study uses some methods developed for LiDAR point clouds and applies them to the UAV generated point cloud, at reduced cost and complexity. A UAV mounted with an off-the-shelf digital camera is significantly less expensive than a LiDAR sensor either mounted on a UAV or manned airborne platform. The processing time and power needed to manipulate LiDAR data were also substantially greater than that needed to process the photogrammetry data retrieved by the UAV. 9, 10 The 3-D point clouds are created using SfM algorithms. SfM uses feature matching on a set of images to reconstruct 3-D geometry of the static scene depicted in the images. 11 The technological development of UAVs and their ability to derive high-resolution 3-D information at a much lower operational and up-front cost compared to manned airborne platforms and satellite imaging has made UAV image acquisition appealing in several applications. Research applications utilizing UAVs for environmental monitoring, management, and evaluation have been increasingly explored in the past 10 years. The use of UAVs for data collection in natural resource, 12, 13 biomass, 2 forest, [14] [15] [16] and vegetation 17, 18 monitoring has been found to have significant impacts on the temporal and spatial resolution of data at a more cost-effective price than traditional monitoring practices.
While studies have utilized UAVs for land use mapping and monitoring purposes, there are significant limitations identified. In a study by Fritz et al., 15 the potential use of UAVs as a platform for tree stem detection in open stands was analyzed. A UAV point cloud was generated and compared with a terrestrial laser scanner (TLS) point cloud of the same area. The tree stems reconstructed with the SfM point cloud were found to be considerably less accurate than the TLS point cloud, although the two methods were found to correlate well with a Pearson's correlation coefficient of r ¼ 0.696. The study concluded that there is high potential for UAV-based three-dimensional reconstruction of forest stands but states the need for additional research in vegetation stages, flight patterns, and processing setup, which were all considered in the method development for this study. 15 A challenge facing riparian restoration projects is the ability to assess large-scale vegetation semiautomatically in terms of species, cover, volume, structure, and biomass. Dufour et al. 2 attempted to tackle these challenges with a study that compared UAV photogrammetry with LiDAR and radar data collected from riparian restoration project areas in northwestern France. The results showed that, to be able to discriminate between species in various riparian corridors, it would be necessary to fuse the data from very high resolution images and LiDAR. The study also concluded that UAV-paired image analysis would not be a way to replace field work but instead could augment the data collected in the field to provide a complete evaluation, especially in large-scale studies.
Regarding riparian zone monitoring, UAVs can provide a unique advantage because the identification of smaller vegetation features requires high-resolution imagery, which can easily be obtained by a low altitude set of photographs. In a study by Dunford et al., 19 the potential constraints of UAV technology for the characterization of Mediterranean riparian forests were analyzed. Although the area of interest was large and the image density was small, vegetation units could be classified with an accuracy of kappa ¼ 0.79. The study discussed the lack of work that has been done in investigating the application of UAV technology to map vegetation health in riparian forests. There are many challenges and opportunities surrounding the investigation of UAV technology to aid riparian management, but Dunford et al. 19 asserted that the potential for the technology to provide high-resolution map products rapidly with much more flexibility than conventional practices has been proven.
Along with the limitations highlighted in these studies, it is also widely known that photogrammetric methods provide little information on vegetation understory. 20 The objective of our study is to develop a method for biomass estimation using some methods developed for LiDAR point clouds 7 on UAV generated point clouds. We also explore a new method for biomass inventory of understory vegetation by correlating the UAV collected data with ground-truth collected data.
Methods and Materials

Study Site and Ground-Truth Procedures
The Freshwater Trust (TFT) (Portland, Oregon) is a nonprofit organization with a mission to preserve and restore freshwater resources. TFT, along with the McKenzie Watershed Council, Upper Willamette Soil, and Water Conservation District, collaborated on a riparian zone restoration project titled Cedar Creek 2.5. The 2.5 refers to the location in miles of the project area to the outlet of Cedar Creek. The project lies along Cedar Creek, which is an offshoot of the McKenzie River in Springfield, Oregon. The goals of the project are to restore riverbank stabilization, repair changes in flood flows due to dams, and provide necessary shade to maintain temperature in the river suitable for its wildlife. This project began in 2015 when TFT planted 6150 plants and trees of 22 different species on 0.8 ha along 668 m of Cedar Creek (Fig. 1) . Since the project began only 1 year prior to this study, many of the plants and trees are <1 m tall. The landscape consists of many young plants, below 1 m, along with many taller, above 3 m, big leaf maple (acer macrophyllum) and western red cedar (thuja plicata). 21 TFT's annual monitoring practices consist of two to three surveyors monitoring seven 6 × 6 m transects randomly created throughout the study area. Transects are created by drawing a line from a pre-established transect origin 6 m perpendicular to the river. Two 3 × 6 m areas are then created on each side of the transect line. The surveyors collect information in each transect on species of plants and trees and measure and tally tree heights in three height classes: 0 to 0.9 m, 0.9 to 2.1 m, and above 2.1 m. The mean of the seven transects for each height class is computed to obtain an overall stem density per hectare (stem/ha) result for the entire site for the final monitoring report (Table 1 ). 
Hardware
A 3-D Robotics Solo quadcopter equipped with a GoPro Hero 4 Silver camera was used for data acquisition (Fig. 2) . The GoPro Hero 4 takes 4000 × 3000 pixel (12 MP) photos. The sensor has an angular field-of-view (FoV) of 94.4 × 122.6 deg and captures images at f∕2.8. Four flights were flown over two areas in the 0.8-ha plot with the camera positioned at 45 deg for all flights. The position and steadiness of the GoPro is supported by a gimbal attached to the UAV. A flight is flown both perpendicular and parallel to the river in each area. The flights are planned using Mission Planner software. 23 Mission Planner, the camera specifics, flight angle, flight speed, and photo overlap and sidelap percentages are input to create a flight path. Photo overlap percentage is achieved by collecting a specified number of photos/s at a particular flight speed. One photo/s with the UAV flying at 5 m∕s was used to achieve 80% overlap. The distance between parallel flight lines was calculated in Mission Planner to achieve 80% sidelap based on the FoV of the GoPro. A minimum of 80% overlap and sidelap is required by the photo processing software to achieve the most accurate reconstruction. Mission Planner provides a visual display of the calculated flight path (Fig. 3 ). The locations of the waypoints, the green points shown in Fig. 3 , are uploaded to the UAV via a Wifi connection between the controller and the computer. Before each flight, 10 ground control points (GCPs) were laid down in areas easily viewed by the UAV while in flight, so images could be georeferenced and mosaiced. GCPs were marked by 1.2 × 1.2 m black and white vinyl sheets that present a clear center point. The latitude, longitude, and altitude were taken at the center of each GCP with a Trimble GeoExplorer 6000 Series GNSS receiver in unprojected WGS 1984 coordinate system (Fig. 4) . We expect that the individual GCP accuracy of the GPS measurements was <12 cm. 
Point Cloud Creation
About 1971 photos were collected over the study area with the UAV-mounted GoPro. The photos were first sorted to delete any that were out-of-focus or out of the area of interest. The photos were then loaded into LightRoom 25 to remove the camera lens "fisheye." 26 Once the photos were prepared, they were loaded into Agisoft PhotoScan Pro. 27 The photos were first aligned using SfM algorithms built into PhotoScan to estimate camera locations and create a sparse point cloud. SfM uses the scale-invariant feature transform object recognition system to recognize and match features in multiple images to create a high resolution topographic reconstruction.
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PhotoScan is able to detect these features by creating "keypoints" that are constant throughout the photo series even under viewpoint and lighting variations. Each keypoint is assigned one or more orientations based on local image gradient directions. The orientation combined with the scale of each keypoint generates a descriptor that is used to detect correspondences across the photos. 28 These keypoint descriptors are input into a bundle adjustment system that is used to estimate camera locations and create a sparse point cloud. The Photo Alignment command in PhotoScan presents four parameters. The selections for these parameters are shown in Table 2 .
When the accuracy setting is set to high, PhotoScan uses the full resolution of each photo, the medium setting uses 50% of the photo resolution, and the low setting uses 25% of the resolution. The pair selection parameter has three options: disabled, reference, and generic. The pair selection "disabled" allows for the highest accuracy of alignment. The "reference" pair selection option requires photos to be geotagged with their location at the time they were taken. The GoPro does not geotag the photos, so this option was not relevant to the study. The "generic" pair selection selects overlapping pairs of photos by matching photos using lower accuracy settings first; this option requires less processing but is less accurate. The key point limit is the maximum number of points that PhotoScan will extract from each photo. The default value of 40,000 points was increased to 70,000 points to allow a higher number of points to be extracted. The tie point limit extracts the most accurate 3000 points from the 70,000 tie points from each photo. The 3000 tie points are then used in the alignment calculations. About 1835 out of 1971 photos were aligned. The photos that were not aligned may have been out of focus or did not contain enough tie points for accurate calculation.
Once the photos are aligned, the GCP data are imported into PhotoScan in the reference pane under "Markers" (Table 3 ). Point 4 was omitted because the uncertainty was greater than the threshold (>10 cm). Point 1 was at the same location as point 7, so point 1 was also omitted. GCPs are then manually placed by their point ID in each photo where they are visible.
Once the sparse point cloud is built and the GCPs are placed, a dense point cloud can be built using the "Build Dense Cloud" option. The reconstruction parameters are shown in Table 4 . A high-quality reconstruction was achieved with 48 GB of RAM on a remote server. To create a dense point cloud, PhotoScan calculates depth maps for every image. Out-of-focus images or poor texture on objects in the images can cause outliers in the points that make up the depth maps. PhotoScan has several built-in filtering algorithms that are able to create these depth maps for intricate or difficult projects. Since the terrain of the project site is complex with many small details, mild depth filtering was used to ensure important features that were not sorted out. A detail of the completed dense point cloud is shown in Fig. 5 . A workflow of the process followed in PhotoScan is shown in Fig. 6 . A detailed description of algorithms used in PhotoScan can be found in the Agisoft PhotoScan Pro Manual. 29 
Point Cloud Analysis
The project area was split into four sections for analysis (Fig. 7) . Section 3 (displayed in orange) was used for derivation of correlation parameters to the ground-truth data, and the remaining three sections were used for verification of the method. Section 3 was chosen as the calibration section because it had the most diverse terrain, causing the parameters produced from this section to provide the lowest overall error and best correlation with TFT data. The point cloud was then exported from Agisoft PhotoScan 30 and imported into FUSION software. 8 FUSION is an open-source data management and visualization software designed for analyzing forest vegetation characteristics using LiDAR data. 7, 8 FUSION can be used to view a height map of the point cloud (Fig. 8) and to manually navigate throughout the point cloud to measure individual trees. Programs in FUSION were used to analyze stem inventory in the site area using two different techniques for stems: stems above 2.1 m and stems below 2.1 m.
Stem Count Inventory Methods
In FUSION, an algorithm was scripted so that the point cloud could be easily exported from PhotoScan and run through a program to output stem inventories for stems >2.1 m and surface 31 and is based on linear prediction. 32 This tool differentiates the ground by establishing an intermediate surface in the middle of the point cloud and assigning weights to each point based on their distance from the surface and position either above or below the surface. Terrain points are more likely to be below the surface, and vegetation points are more likely to be above the surface. A set number of iterations are run as the surface moves closer to the actual ground. On the last iteration, ground points are classified based on their distance from the last surface. The input for this tool is the point cloud exported from PhotoScan; the output is a point cloud only containing points that lie on the probable ground surface.
Next, the GridSurfaceCreate tool is used to create a ground surface or digital terrain model (DTM) from the ground point-cloud file by averaging the point elevation values in a specified cell size. The input for this tool is the ground point-cloud output from the GroundFilter program, the cell size used to average the points, the units of the data in the point cloud, and the coordinate system and coordinate system zone for the surface. The output is a surface file with .dtm format. Once the ground surface is created, a canopy height model (CHM) can be built by subtracting the ground surface from the original point cloud. The CanopyModel tool in FUSION is able to perform this operation. Using the original point cloud exported from PhotoScan and the bare earth model created from the GridSurfaceCreate tool, CanopyModel subtracts the ground elevations from the point cloud elevations to produce the CHM (Fig. 9) . The inputs for CanopyModel are the ground surface file, the point cloud, cell size, units of the point cloud, and the coordinate system and zone for the canopy model. The output is a surface file with cell values containing height above ground data. The ground switch is used to specify the bare-earth surface model that normalizes the point cloud. The ASCII switch is used to write the output of the surface in ASCII raster format in addition to the DTM format, so it is able to be opened in ArcGIS. The results show a model of the area with data containing height values above ground.
Above 2.1-m inventory
Heights and locations for trees above 2.1 m were determined using the CanopyMaxima tool in FUSION. CanopyMaxima determines the heights and locations of trees by searching for local maxima by finding the highest point within a window that varies its size based on the elevation. A larger tree will have a bigger canopy; thus, the window size used to search for the maxima will be larger. The input for CanopyMaxima is the CHM created with the CanopyModel tool. The output is a CSV file containing the heights and locations of the maxima (trees). The parameter that determines the accuracy of this tool is the cell size used to create the CHM. The cell size was calibrated to correlate within 10% of the TFT data for Sec. 3. The final cell size used was 0.8 m.
It was then applied to the remaining areas to determine the results. A workflow graph for the method used in FUSION to identify stems >2.1 m is shown in Fig. 10 . 
Below 2.1-m inventory
The above 2.1-m method was not viable for stem detection below 2.1 m because the greater biomass density obscures individual stems from view. For trees below 2.1 m, we developed a method correlating canopy area to ground-truth data on the premise that greater SA would intuitively correlate to greater stem density. In FUSION, the point cloud was clipped to just contain points between 2.1 and 0.9 m and below 0.9 m, for each of the two lower height classes specified by TFT (Fig. 11) .
Once the point cloud was clipped to each height class, a CHM was created using the CanopyModel tool in FUSION. The cell size calibrated from the >2.1 m analysis of 0.8 m was used. The CHM is then imported into ArcGIS. The CHM is clipped to each section as specified in Fig. 6 . The surface volume tool in ArcGIS is used to find the SA. The SA for the calibration area is divided by the TFT stem count for the calibration section to obtain a conversion factor [CF; Eq. (1)]. This CF is then applied to the remaining areas to acquire a stem count for the entire project site [Eq. (2)]. A workflow graph for the below 2.1 m inventory is shown in Fig. 12 . A detailed description of the algorithms used in FUSION can be found in the FUSION user manual: 17 E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 1 ; 1 1 6 ; 1 7 3 CF ¼ SA TFT stems∕section ;
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 2 ; 1 1 6 ; 1 3 0 
Results and Discussion
The stem count results obtained by the UAV were compared to TFT monitoring results using two methods of analyzing the ground-truth data provided by TFT. The first method used one stem/ha average for each height class for the entire site. The second method averaged the stem counts from the three closest transects to each section in an attempt to obtain a more localized result, giving each section a unique stem/ha average. The results from each method were compared to the UAV results for each area and height class.
Proportional Allocation Method: Overall Field Data Results Comparison
For the proportional allocation method, the overall stem counts calculated by TFT (Table 1) were applied to each section for comparison against the UAV generated data in the 0-to 0.9-m and 0.9-to 2.1-m height classes ( Table 5 ). The calculated number of stems/ha was 4535 according to TFT estimates for the 0-to 0.9-m height class. The calculated stems/ha for UAV for the 0-to 0.9-m height class ranged from 4449 to 4680 in the four analysis sections. For the 0.9-to 2.1-m height class, TFT estimated 193 stems∕ha. The UAV data produced outputs that ranged from 59 to 266 stems∕ha for the four analysis sections. The locations and sizes of the UAV-derived stems above 2.1 m were geolocated ( Fig. 13 ) and compared to TFT data (Table 6 ). TFT reported 173 stems∕ha for stems above 2.1 m. This was compared to UAV measurements ranging from 98 to 217 stems∕ha. The mean of the three noncalibration areas was calculated to produce an overall stem/ha result for each height class ( Table 7) . The least amount of error in stem/ha Table 7 Proportional allocation method overall TFT versus UAV results. means was in the over 2.1 m, whereas the greatest error was the middle height class, 0.9 to 2.1 m. Summing the three height class means produced an overall error of <1% between TFT and UAV data. Linear regressions and a Bland-Altman analysis were used to compare our results to the ground-truth data. We excluded the data and results from Sec. 3 as this data were used in the derivation of the method. The linear regression on the first comparison method indicated a slope of 1.002 and an R 2 value of 1. A Bland-Altman analysis, commonly used to compare agreement between two measurement methods, indicated that all the differences between the two methods lie within two standard deviations of the mean difference of −5.4 stems∕section, resulting in a 95% confidence interval that the UAV's measurements will be within 14 stems∕section of the TFT results. The Bland−Altman plot is shown in Fig. 14 . The ground-truth data are reported with an 80% confidence interval of AE1032 stems∕ha; thus, the UAV was able to estimate stems well within the confidence interval of the ground-truth data.
Transects Averaged Method: Localized Field Results Comparison
The "transects averaged method" averaged TFT's raw data in the three closest transects to each section in an attempt to create a more localized result from the ground-truth data. These averages create a unique stem/ha result for each section. These new results were compared to the UAV data. The calculation of the averages for each area is shown in Table 8 . Once the new stem/ha results were calculated for each section, they were compared to the UAV generated data, again using Sec. 3 for calibration of the CF ( Table 9 ). The calculated number of stems/ha was varied from 3720 to 5066 according to TFT estimates for the 0-to 0.9-m height class. The calculated stems/ha for UAV for the 0-to 0.9-m height class ranged from 3650 to 3850 in the four analysis sections. For the 0.9-to 2.1-m height class, TFT estimates varied from 179 to 269 stems∕ha. The UAV data produced outputs that ranged from 55 to 203 stems∕ha for the four analysis sections for the middle height class. The stem counts produced by the UAV data for stems above 2.1 m were not recalibrated with the localized stem data. There were so few stems above 2.1 m included in the three transects that extrapolating the TFT data caused inaccurate results. The UAV data were still compared to localized TFT data, but the calibrated results from the "proportional allocation method" remained the same. TFT data ranged from 45 to 359 stems∕ha for stems above 2.1 m (Table 10 ). This was compared to UAV measurements ranging from 98 to 217 stems∕ha. Summing the means from the three height classes produced a total error of 21.6% between the two measurement methods (Table 11) . A linear regression and Bland-Altman analysis were also performed on the "transects averaged method" results. The linear regression shows an R 2 value of 0.98 and a total fit of 0.88. The Bland-Altman analysis shows that all the differences between the two methods lie within two standard deviations of the mean difference of 23 stems∕section, resulting in a 95% confidence interval that the UAV's measurements will be within 61 stems∕section of the overall TFT results. This result also lies well within TFT's 80% confidence interval of AE1032 stems∕ha.
The errors produced using different sections for calibration were analyzed to evaluate the impact of the selection of the calibration section. The results showed that the model is sensitive to change in the calibration section (Tables 12 and 13 ), but the overall errors observed do not show an unviable model for any of the calibration sections. For the "proportional allocation method," the overall errors for using each section for calibration of the CF range from 0.31% to 10.51%. The "transects averaged" method appears to be more sensitive to change in the calibration section, with overall errors ranging from 11.44% to 35.97%. All errors lie within TFT's monitoring confidence interval of AE844 stems∕site, showing that, even though the results have variance, they are still within acceptable limits.
Conclusion
We applied two analysis methods in comparing UAV derived riparian vegetation stem counts and those produced by traditional ground surveys. The "proportional allocation method" compared UAV derived stem counts in four project sections for several vegetation height classes to stem counts created from transects located throughout the study area. The "transects averaged method" represented a more localized approach in that it used data from the three closest transects to each section to produce a ground-based riparian vegetation stem count for comparison to UAV stem counts. We chose these two analysis methods as the available ground-truth data were limited and therefore would impact the quality of our comparison. Since TFT data were reported at a stem/ha result for the entire area, any error occurring in field collection is systematically applied in all four UAV analysis sections. Using the "proportional allocation method" to analyze the ground-truth data showed significantly better results than the "transect average method." This was due to the small sample size used to localize the data. If more ground-truth data were collected, a more accurate depiction of the terrain would likely be shown.
The variance in error resulting from implementing different sections for calibration is a portion of the study that requires more investigation moving forward. It is hypothesized that the terrain type correlates with the error. Using Sec. 1 as the calibration section resulted in the highest error; Sec. 1 also had the least amount of stems overall. Terrain with fewer stems means that there is less data to calibrate with, leading to a 10.2% higher overall error for the "proportional allocation method" and a 14.3% higher overall error for the "transects averaged method." Extrapolating fewer stems in the ground-truth data also leads to a higher error.
The approach used to count and locate stems above 2.1 m is repeatable and has been verified by multiple studies. 7, 33 The method developed for counting stems below 2.1 m should be studied further, both on additional plots and longitudinally on the same plot, ideally with higher resolution ground-truth data. Both methods, above and below 2.1 m, will likely need site-wise calibration if conducted again.
Given the ground-truth data that were available, the UAV proved to be a feasible, cost-effective instrument for producing information on stem counts for the three height classes of the riparian restoration project managed by TFT. The UAV produced a comprehensive 3-D point cloud of the area able to generate forest measurements and mapping products comparable to LiDAR and ground-truth methods. Given the limited nature of the ground-truth data, it is also conceivable that the UAV approach to riparian vegetation stem counts provides a more accurate and spatially representative result.
